ABSTRACT The failure rate is an important indicator to assess the reliability of substation equipment, and the failure rate prediction is an effective way to master the operation status of substation equipment. According to the characteristics of failure rate data, such as failure period segmentation and stochastic variation, this paper proposes a combined prediction method by the data decomposition of failure rate time series and the segmentation theory of failure periods and then establishes a new failure rate prediction model of the substation equipment based on the Weibull distribution and time series analysis. Compared with the traditional Weibull distribution function model which cannot describe the stochastic variation of failure rate data and cannot identify the failure period automatically, the proposed model in this paper uses the minimum sum algorithm of residual squares obtained by the Weibull distribution to accurately identify the demarcation point between different failure periods and then establishes the autoregressive moving average (ARMA) model to achieve combined prediction. Finally, the effectiveness of the proposed model is verified by the engineering example and comparison with the traditional failure rate prediction methods.
I. INTRODUCTION
The electric power industry is a basic industry of national economy. With large-scale construction and development of power grids, safe and reliable electric power supply has raised a higher requirement for electric power system. Once electric power equipment fails, safe operation of electric power system can be affected, and even other industries and fields can be affected. As a result, the national economy will suffer heavy losses [1] . The substation equipments which bear the electricity transport and distribution, are the core part of electric power equipments. Therefore, ensuring the safety and reliability of substation equipments is an important prerequisite for safe operation of electric power system [2] , [3] .
The failure rate is an important indicator for reliability assessment of substation equipment [4] . Moreover, the failure rate prediction, which is an effective way to master the operation status of substation equipment and the theoretical basis for determining state maintenance, can ensure safe operation of electric power system and reduce equipment
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failures [5] , [6] . At present, the relevant research organizations have carried out some researches in the failure rate prediction of substation equipment. One method is to establish Weibull distribution function model [7] - [10] , and the other method is to establish corresponding mathematical models which include time series analysis, Gray system model, Artificial Neural Network, and so on [11] - [15] . In addition, [16] studies the non-linear and non-stationary characteristics of failure rate time series, and then decomposes the failure rate data into multiple parts to predict respectively. Eventually, the prediction accuracy based on data decomposition is better than the overall prediction. Besides, [17] establishes grey linear regression combination model based on segmentation prediction of failure periods. The established segmentation prediction model, which uses different prediction method for different failure period, has better accuracy than the overall prediction, but leads to discontinuity in the predictive failure rate at demarcation point of different failure period.
Combined with previous research results and the problem of the discontinuity in the predictive failure rate at demarcation point of different failure period, this paper proposes a new failure rate prediction method based on data decomposition of failure rate data and segmentation theory of failure periods. Compared with the traditional Weibull distribution function model which can't describe the stochastic variation of failure rate data and the traditional mathematical models which can't identify failure periods, the proposed model derives a new parameter estimation method for Weibull distribution function by the least squares logarithm, proposes a minimum sum algorithm of residual squares to accurately identify the demarcation point of different failure period, and decomposes failure rate data into trend components and stochastic components. The trend components establish segmentation prediction model based on Weibull distribution, and the stochastic components establish ARMA model by time series analysis theory. Therefore, a new combined prediction model can be obtained by Weibull distribution and time series analysis. Lastly, the validity of proposed model in this paper is verified by the engineering example and model comparisons.
II. PREDICTION METHOD AND PROCESS
In this paper, the failure rate prediction model of substation equipment based on Weibull distribution and time series analysis can be divided into two processes, failure period recognition and failure rate prediction. The specific implementation process is as shown in Fig. 1 .
A. FAILURE PERIOD RECOGNITION
The failure rate data of substation equipment are arranged in chronological order, and the failure rate time series (t 1 , λ 1 ), (t 2 , λ 2 ) · · · (t n , λ n ) are obtained. After that, the failure rate time series are carried out interpolation by cubic spline function to obtain the failure rate time series of equal time interval. At the same time, we can roughly judge failure period: (a) If there are two failure periods which are random failure period and loss failure period, the minimum sum algorithm of residual squares is used to accurately identify the 
B. FAILURE RATE PREDICTION
Firstly, the trend components of failure rate time series are extracted: (a) If there are two failure periods, the Weibull distribution function corresponding to loss failure period is the trend components of loss failure period, at the same time, the failure rate at demarcation point of failure periods is the trend components of random failure period. (b) If there is only one failure period, the Weibull distribution function after parameter estimation is the trend components of failure period. Secondly, the failure rate time series minus the trend components to calculate the stochastic components. Thirdly, the segmentation prediction is performed on trend components by Weibull distribution function, and then ARMA model is performed on stochastic components prediction by time series analysis. Lastly, the predicted failure rates are obtained by the sum of predicted trend components and predicted stochastic components.
III. FAILURE PERIOD RECOGNITION A. DATA PREPROCESSING
The obtained failure rate data of substation equipment are arranged in chronological order to obtain failure rate time series (t 1 , λ 1 ), (t 2 , λ 2 ) · · · (t n , λ n ), as shown in Table 1 [17] .
Due to limitation of failure rate statistical data, the actual sampling time intervals of failure rate time series are not stable. Especially, the time intervals near the demarcation point of failure periods can directly affect parameter estimation of Weibull distribution function, and then affect recognition accuracy of failure periods. Moreover, according to time series analysis theory, failure rate data must have equal sampling time interval. Therefore, in order to carry out failure period recognition and failure rate prediction, failure rate data must be interpolated to obtain failure rate time series of equal time interval.
The cubic spline function has good stability and convergence, so it is suitable to carry out data interpolation for failure rate data. We assume that there are n − 1 consecutive interpolation intervals on [t 1 , t n ], and then a cubic spline function exists in every [t j , t j+1 ], (j = 1, 2 · · · n − 1), as shown in (1):
where S(t) is the cubic spline function, S (t) is the first derivative of S(t), S (t) is the second derivative of S(t), t is the operating year, and λ t is the failure rate at the time of t.
The cubic spline function of t = 0.5a is performed on failure rate time series of SFPSZ9-120000/220 transformer, as shown in Table 2 .
B. PARAMETER ESTIMATION OF WEIBULL DISTRIBUTION FUNCTION
The ideal curve for failure rate time series is a classic bathtub shape which has three distinct periods, as shown in Fig. 2 .
The two-parameter Weibull distribution function has a shape parameter β which is highly elastic in data fitting and can describe every period of bathtub curve. So the twoparameter Weibull distribution function has been applied into the failure rate prediction [18] - [20] . where β is the shape parameter, η is the scale parameter. When β > 1, λ(t) corresponds to the loss failure period. When β = 1, λ(t) corresponds to the random failure period. When β < 1, λ(t) corresponds to the early failure period. Substation equipments have been pre-operational testing and aging before put into operation. And then, the running substation equipments have crossed the early failure period. Therefore, in the failure period recognition process for substation equipment, we only consider the random failure period and the loss failure period.
1) RANDOM FAILURE PERIOD
When β = 1, λ(t) corresponds to the random failure period. And the Weibull distribution function is:
The failure rates of random failure period are always a constant. So the parameters (β, η) of Weibull distribution function can be estimated by calculating mean value:
2) LOSS FAILURE PERIOD
When β > 1, λ(t) corresponds to the loss failure period. The traditional parameter estimation of Weibull distribution function is based on Marquardt method [17] , [22] , and the initial value (β 0 , η 0 ) is assigned to (β, η) to carry out iterative calculation. When the iteration error is less than the system error, we can obtain (β, η) with certain accuracy. However, the estimated parameters based on Marquardt method are easily affected by (β 0 , η 0 ) and the system error. So it is easy to lead to unstable results. Moreover, this method will produce a large amount of calculation. In order to carry on parameter estimation of Weibull distribution function more easily and efficiently, this paper puts forward a least squares logarithm method.
First of all, (2) can be simplified as:
where k = β/η β and α = β − 1.
Then, we take the logarithm at both sides of (5) and can get:
The failure rate time series data are assigned to (6) , after that, we rewrite it into a matrix form:
where e is the random error. Based on the least squares method, the optimal estimation of δ can be obtained:
where X T represents the transpose matrix of X and (X T X ) −1 represents the inverse matrix of X T X . The ln k can be transformed into k, and then (k, α) is obtained:
At last, we can further calculate the parameters (β, η) of Weibull distribution function model:
In order to verify the validity and superiority of the least squares logarithm method in the parameter estimation of Weibull distribution function, we set up a simulation experiment. Let β = 3.1215, η = 30.0285 and t ∈ [1.5, 16], the failure rate simulation data can be obtained by (2) , as shown in Table 3 .
The least squares logarithm method and the traditional Marquardt method are used to estimate the parameters of Weibull distribution function respectively, as shown in Table 4 .
Func-count represents the number of function evaluations.
As can be seen from Table 4 , for the traditional Marquardt method, the initial values (β 0 , η 0 ) we set will directly affect the parameter estimation results and calculation efficiency:
(a) (β 0 , η 0 ) = (0.1,0.1). When the initial values are set to the values that are significantly different from the true values, the correct parameter estimation results are still not obtained by 133 times iteration calculations and 402 times function evaluations.
(b) (β 0 , η 0 ) = (2,25).When the initial values are set to the values that are close to the true values, we still need to carry out 8 times iteration calculations and 27 times function evaluations to obtain correct parameter estimation results.
However, the least squares logarithm method does not need to perform iterative calculation, and then the correct parameter estimation results can be obtained by 1 time function evaluation.
The simulation experiment results show that the least squares logarithm method can be used for parameter estimation of Weibull distribution function. Moreover, this method has better stability and superiority.
3) FAILURE PERIOD RECOGNITION ALGORITHM BASED ON MINIMUM SUM OF RESIDUAL SQUARES
The operating year is as x-axis and the failure rate is as y-axis, so the failure rate time series (Table 2 ) are as shown in Fig. 3 . The failure rate time series have random failure period and loss failure period, and then we cannot intuitively identify the demarcation point of failure periods. As a result, this paper proposes a minimum sum algorithm of residual squares to identify the demarcation point of failure periods.
PQ which contains n-l failure rate series, is random failure period. And QR which contains l failure rate series, is loss failure period. At first, the position of Q can be roughly determined by Fig.3 . When the operating year range is t ∈ [a, b], the failure rate trend changes significantly. And then Q ∈ [a, b] is determined. Next, based on least squares logarithm method, we carry out parameter estimation of Weibull distribution function on QR, and then (β, η) of loss failure period is obtained. At the same time, we can get λ Q at demarcation point of failure periods. Furthermore, λ Q is the constant corresponding to Weibull distribution function on random failure period.
Finally, the sum of residual squares, which corresponds to all possible Q position on [a, b] , are obtained by (13) :
where S 2 l is the sum of difference squares between the actual failure rate and the calculated failure rate by Weibull distribution function, λ t is the actual failure rate at the time of t, λ(t) is the calculated failure rate by the Weibull distribution function on loss failure period, λ Q is the calculated failure rate at Q. Therefore, the position of Q, which corresponds to minimum value of S 2 l , is the accurate demarcation point between random failure period and loss failure period. At Last, (β, η) corresponding to Weibull distribution function of loss failure period and λ Q corresponding to Weibull distribution function of random failure period are obtained.
As can be seen from Fig. 3 , the position range of Q can be roughly determined as Q ∈ [13, 17] . In that way, the failure period recognition results based on minimum sum of residual squares are as shown in Table 5 .
As can be seen from Table 5 , the accurate demarcation point of failure periods is Q = 14.5, and corresponding parameter estimation results of Weibull distribution function are as shown in (14) .
The failure period recognition results for SFPSZ9-120000/ 220 transformer are as shown in Fig. 4: 
IV. FAILURE RATE PREDICTION
The actual failure rate time series of substation equipment are not strictly consistent with the Weibull distribution function, and then have certain random fluctuations, as shown in Fig. 4 , whose trend components accord with Weibull distribution. In order to predict the failure rate more accurately, this paper proposes a new failure rate prediction model based on Weibull distribution and time series analysis.
A. CALCULATING TREND COMPONENTS AND STOCHASTIC COMPONENTS
All time series data containing tendency can be decomposed into two parts [21] : One part is the trend components, and the other part is the stochastic components.
where x t is time series data containing tendency, u t is trend components, and ω t is stochastic components. However, the time series data containing tendency will be unstable. Moreover, based on time series analysis theory, the ARMA model must be established on stable time series data. Therefore, time series modeling must remove the trend components, and then the model can be established on stable stochastic components.
At last, the trend components of failure rate time series are obtained by Weibull distribution function. At the same time, the stochastic components are the difference between the actual failure rates and the calculated failure rates by Weibull distribution function, as shown in (16) .
where λ(t) is the calculated failure rate by Weibull distribution function, as shown in (14), and λ t is the actual failure rate at the time of t. With regard to the failure rate time series of SFPSZ9-120000/220 transformer, the trend components are (14) , and the stochastic components can be calculated by (16) . Finally, the obtained stochastic components are as shown in Fig. 5 .
B. THE STOCHASTIC COMPONENTS PREDICTION BASED ON ARMA MODEL
Based on time series analysis theory, ARMA model is as follows:
−θ 2 e t−2 − · · · − θ q e t−q (17) where the order of ARMA model is (p, q), e t is the white noise, φ p is the autoregressive coefficient, θ q is the moving average coefficient.
When q = 0, the ARMA (p, q) model is an AR (p) model:
When p = 0, the ARMA (p, q) model is an MA (q) model:
Based on the time series analysis theory, the established ARMA model for stochastic components time series can be divided into 6 steps: stationary testing, zero mean process, ARMA model recognition, parameter estimation of ARMA model, validity check, and stochastic components prediction. The specific implementation process is as shown in Fig. 6. 
1) STATIONARY TESTING
The ARMA (p, q) model must be established on stable time series. Therefore, it is necessary to test the stability before modeling. At first, the stochastic components time series are carried out stationary testing by Augment Dicky-Fuller (ADF) Test. If the testing result is not stable, the unstable time series must be converted into the stable time series by the differential equation:
where ω t−diff is the stochastic components time series after differential process, T is the time order of ω t , and T = 2, 3, · · ·n. Next, based on ADF Test, the differential time series are carried out stationary testing again. If the time series are not stable, the differential process will continue until time series are stable.
The stochastic components time series of SFPSZ9-120000/ 220 transformer, which not only haven't obvious upward or downward trend, but also haven't obvious seasonal trend, are as shown in Fig. 5 . So it can be roughly determined as stable time series. At the same time, the result of ADF Test has proved the conclusion. Therefore, ω t can be modeled by ARMA directly.
2) ZERO MEAN PROCESS
Before establishing the ARMA (p, q) model, the stable stochastic components time series should be carried out zero mean process:
where ω t is the mean value of ω t , ε t is the ω t after zero mean process.
The stable stochastic components time series of SFPSZ9-120000/220 transformer are carried out zero mean process, and then results are as shown in (22) and Fig. 7 . (23). Finally, the optimal model order is (p, q) which corresponds to the minimum AIC value. (23) where L is the maximum likelihood function value of ARMA model, and k is the number of model parameters.
The stochastic components time series of SFPSZ9-120000/ 220 transformer after zero mean process are carried out ACF and PACF calculation, and then the results are as shown in Fig. 8 and Fig. 9 .
The ACF is truncated and the PACF is trailing. So the MA model is initially taken into consideration, and then the order of model is less than 5. Therefore, we calculate the AIC value of combinations (p ∈ [0, 5] and q ∈ [0, 5]), as shown in Table 6 .
As can be seen from Table 6 , the minimum AIC value corresponds to (0, 5). Lastly, the optimal model MA (5) can be established for stochastic components time series of SFPSZ9-120000/220 transformer after zero mean process.
4) PARAMETER ESTIMATION OF ARMA MODEL
If the optimal model ARMA (p, q) is an effective time series model, we can carry out parameter estimation.
The MA(5) model is carried out parameter estimation, and then the result is as follows:
5) VALIDITY CHECK
After calculating the prediction residuals of ARMA (p, q), the time series image of prediction residuals, the image of residuals histogram and normal distribution, and QuantileQuantile (QQ) Plot can be drawn. Among them, the time series image of prediction residuals is used to test white noise characteristic of prediction residuals. The image of residuals histogram and normal distribution is used to roughly test the overall normality of prediction residuals. And the QQ Plot is used to accurately test the normality of prediction residuals.
The established MA (5) in (24) is carried out validity check, and the results are as follows:
As can be seen from Fig. 10 , the prediction residuals pattern is a rectangular scatter plot around the zero horizontal line without any tendency. Therefore, the prediction residuals have characteristic of white noise, and don't have any obvious pattern. As can be seen from Fig. 11 , the residuals histogram is symmetrical, and then gradually decreases at both ends of the high value and low value. So the image of residuals histogram and normal distribution has the overall normality. As can be seen from Fig. 12 , the quantiles of prediction residuals are basically consistent with the standard normal quantiles of normal distribution, with only a slight offset at the extreme value. Furthermore, there are only a small number of quantiles that have a slight offset at the extreme value, which is mainly caused by the quantity of modeling data in this paper. However, combined with the results of Fig.10 and Fig.11 , the linear QQ Plot makes it impossible for us to reject that residual time series are as a hypothesis of normal distribution.
In summary, the established MA (5) model in (24) is a valid time series model. 
6) STOCHASTIC COMPONENTS PREDICTION
After the validity check of ARMA (p, q), combined with (21), the stochastic components prediction model of substation equipment is obtained:
Therefore, based on time series analysis, the prediction model for stochastic components of SFPSZ9-120000/220 transformer failure rate time series is as shown in (26) . ω t = 0.0008 + e t + 0.5578e t−1 − 0.2382e t−2 − 0.0797e t−3 − 0.0626e t−4 − 0.4958e t−5 (26) And then, the prediction results are as shown in Fig. 13 .
C. FAILURE RATE PREDICTION BASED ON WEIBULL DISTRIBUTION AND TIME SERIES ANALYSIS
The prediction results of stochastic components are added to the prediction results of trend components, and then the failure rate prediction model of substation equipment based VOLUME 7, 2019 FIGURE 14. The failure rate prediction results of SFPSZ9-120000/220 transformer.
on Weibull distribution and time series analysis is obtained:
Therefore, the failure rate prediction model of SFPSZ9-120000/220 transformer is obtained:
(0.5 ≤ t < 14.5) 
Based on (28), the failure rate prediction results of SFPSZ9-120000/220 transformer are as shown in Fig. 14 . At the same time, the average prediction error (Mean Absolute Deviation) is as follows:
V. COMPARE WITH OTHER METHOD
The traditional failure rate prediction methods of substation equipment mainly can be divided into two methods: (1) One method is Weibull distribution function model based on Marquardt method [7] - [10] , [22] , which establishes Weibull distribution function model for failure rate data and carries out parameter estimation by Marquardt method. (2) The other method is to establish corresponding mathematical models. Without the consideration of failure periods, these mathematical models ignore the trend of failure rate, and then directly establish models for failure rate data. Among them, the representative mathematical models are time series analysis model [11] - [13] , Gray Model [23] , [24] , grey linear regression combination model [14] , [17] , and BP-neural network model [25] . Based on the traditional prediction methods, the failure rate prediction results of SFPSZ9-120000/220 transformer are as shown in Fig. 15, Fig. 16, Fig. 17, Fig. 18 and Fig. 19 . In order to make a better comparison for model prediction results, we have calculated the Mean Absolute Deviation for each model separately:
The specific comparison results are as shown in Table 7 .
As can be seen from Fig. 15 , the Weibull distribution function model based on Marquardt can only predict the overall trend of failure rate time series well, but can't describe corresponding stochastic components. At the same time, the Marquardt method is a kind of iterative algorithm, and that will bring a large amount of calculation. Moreover, the prediction error is significantly larger than the proposed model in this paper.
However, the ARIMA model based on time series analysis can't identify the random failure period and loss failure period, and then the overall prediction accuracy is worse than the proposed model in this paper, as shown in Fig. 16 and Table 7 . Compared with the proposed model based on Weibull distribution and time series analysis, the average prediction error of time series analysis increases by 17%. At the same time, the frequencies of large prediction error for time series analysis appear obviously higher than the proposed model in this paper, as shown in Fig. 20 .
As can be seen from Fig. 17 , the Gray Model can only predict the overall trend of failure rate time series. Furthermore, the linear model is introduced into the Gray Model, and the gray linear combination model is obtained. As can be seen from Fig. 18 , the prediction accuracy of gray linear combination model has been slightly improved. However, the predictive failure rate at demarcation point between different failure periods is discontinuous.
As can be seen from Fig. 19 , the prediction errors of BP-neural network are the largest among 6 methods. Because this model can't identify the random failure period and loss failure period, and modeling data from different failure periods will affect each other. In the end, that leads to a problem that predicted failure rates on random failure period are larger and predicted failure rates on loss failure period are smaller.
VI. CONCLUSION
In view of the traditional Weibull distribution function model which can't describe the stochastic variation of failure rate data and the traditional mathematical models which can't identify failure periods, this paper proposes a failure rate prediction method based on data decomposition of failure rate time series and segmentation theory of failure periods, and then establishes a new failure rate prediction model of substation equipment based on Weibull distribution and time series analysis. According to the failure rate combined prediction model proposed in this paper, on the one hand, we can grasp failure rate development of substation equipment, and on the other hand, we can arrange an appropriate maintenance plan based on failure rate prediction. Furthermore, we can also obtain a theoretical basis for the medium and long-term maintenance plan of the electric power enterprise.
In order to solve the problem that traditional Marquardt method for Weibull distribution function is susceptible to initial value and system error to produce unstable results and a large amount of calculation, this paper proposes a new parameter estimation method of Weibull distribution function based on the least squares logarithm. After that, the minimum sum algorithm of residual squares is applied into failure period recognition, and then failure rate data are decomposed into trend components and stochastic components. The trend components establish segmentation prediction model based on Weibull distribution. At the same time, time series analysis theory is applied into stochastic components, and then the stochastic components establish ARMA model. Finally, we can achieve effective failure rate prediction by the sum of trend components prediction and stochastic components prediction.
The proposed failure rate prediction model can realize effective prediction in different failure periods, and then solve the problem that predictive failure rate at demarcation point between different failure periods is discontinuous. Moreover, based on advantages of data decomposition, this paper makes the combination of decomposition prediction and segmentation prediction, and then explores a new way to failure rate prediction of substation equipment.
Verified by the engineering example and compared with other traditional prediction models, in the failure rate time series with different failure periods, the failure rate prediction model proposed by this paper can accurately identify the demarcation point of failure periods, and produce highprecision failure rate prediction results. Consequently, it is proved that the model can be used for failure rate prediction of substation equipments. In addition, the failure rate prediction for failure rate data with data loss and error is a future research direction. And in the future research, the corresponding filtering algorithms can be taken into consideration, such as the hidden Markov model [26] , and Kalman filtering model. JINGJING WANG was born in Linyi, Shandong, China, in 1991. She received the B.S. degree in surveying and mapping from Shandong Agricultural University, Tai'an, China, in 2014, and the M.S. degree in geodesy and survey engineering from the School of Geodesy and Geomatics, Wuhan University, Wuhan, China, in 2017, where she is currently pursuing the Ph.D. degree in geodesy and survey engineering.
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